Abstract: This study examines the suitability of 30 m Landsat Thematic Mapper (TM), 250 m time-series Moderate Resolution Imaging Spectrometer (MODIS) Enhanced Vegetation Index (EVI) and other auxiliary datasets for mapping forest extent in China at 30 m resolution circa 2010. We calculated numerous spectral features, EVI time series, and topographical features that are helpful for forest/non-forest distinction. In this research, extensive efforts have been made in developing training samples over difficult to map or complex regions. Scene by scene quality checking was done on the initial forest extent results and low quality results were refined until satisfactory. Based on the forest extent mask, we classified the forested area into 6 types (evergreen/deciduous broadleaf, evergreen/deciduous needleleaf, mixed forests, and bamboos). Accuracy assessment of our forest/non-forest classification using 2195 test sample units independent of the training sample indicates that the producer's accuracy (PA) and user's accuracy (UA) are 92.0% and 95.7%, respectively. According to this map, the total forested area in China was 
(Level 2 type), i.e., -Broadleaf Forest‖, -Needleleaf Forest‖, -Mixed Forest‖, -Orchard‖ were mapped (grouped as -Forest‖ in an aggregated class). In FROM-GLC, the producer's accuracy (PA) and user's accuracy (UA) for forest in China are 64.74% and 83.01%, respectively. Follow-up works of FROM-GLC used MODIS EVI time series and auxiliary datasets to improve the overall accuracies (OA), and the PA and UA for forest became 71.76% and 79.40%, respectively [16, 17] . However, all these products aimed to map general land cover types not specifically forest cover.
There are also two global forest cover datasets around the year 2010. The MODIS Vegetation Continuous Fields (VCF) Tree Cover dataset was produced at 250 m resolution globally [18] . Hansen et al. [19] mapped 30 m resolution global forest cover extent based on Landsat time series. However, these two products concentrated on the percentage of tree cover not the forest types.
In this study, we aimed to produce a more detailed/accurate 30 m resolution forest map for China using multi-source remotely sensed data (i.e., Landsat TM/ETM+, MODIS, SRTM) and additional features from ancillary sources (i.e., spectral, topographical features). We followed the definition of forest provided by the FAO (Food and Agriculture Organization of the United Nations), which is -land with tree crown cover of more than 10 percent. The height of trees should reach at least 5 m in situ‖ [20] . Tree plantations such as orchards are excluded from forest in this classification system. We mapped forests at a per-pixel scale, insuring that all pixels meeting criteria of canopy coverage and height would be mapped as forest. Taking into account the spatial resolution, spectral-information limitations of the data and the characteristics of China's forest types, we further classified the forest cover into 6 types: evergreen broadleaf, deciduous broadleaf, evergreen needleleaf, deciduous needleleaf, mixed forests and bamboos. The definitions of the first five types are drawn from the International Global Biosphere Programme (IGBP) classification system [21] . Forests with more than 60% bamboo canopy cover are considered as bamboos. Bamboos mixed with other types (each type ≤ 60%) are considered as mixed forests.
Data Sets

Landsat Data
We collected 520 Landsat TM scenes from United States Geological Survey (USGS) Earth Resources Observation and Science (EROS) data center [22] and Center for Earth Observation and Digital Earth [23] . Scenes with fewer clouds obtained in the growing season were selected ( Figure 1 ) covering a time span from 2005 and 2011 with 98% of them acquired after 2007 ( Figure 1A ). These images were the best that we could collect from those data sources after 2006 based on seasonality and low cloud cover criteria. As a result, only 8% of the images were obtained in winter, but they were mainly distributed in the subtropical regions ( Figure 1B,D) . The images acquired in spring were mainly distributed in the South and some non-forest areas in the west ( Figure 1D ). The deciduous forests in these regions get green in April. Although many images were acquired in autumn, they are mostly in September and October ( Figure 1B) . The deciduous forests in the Northeast begin losing their leaves the earliest in China. The images in these regions are mainly obtained in September, before the leaf-falling stage. The images acquired in November are mainly distributed in the regions where evergreen forests or no forests grow ( Figure 1D ). Thus, forest land cover was only minimally affected by phenological differences. All Landsat TM/ETM+ images were calibrated and atmospherically corrected using the Global Mapper (GM) software, which implements an automatic Fast Line-of-Sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) algorithm [15] . 
MODIS
250 m resolution MODIS data provide additional time-series information which is important to capture vegetation dynamics useful in classification. We collected the MOD13Q1 product [24] for the whole year of 2010. It contains NDVI, EVI, quality assessment bands, and 4 reflectance bands (Bands 1, 2, 3, and 7). We selected EVI time-series only for further analysis, the reasons being: (1) EVI is a composite index from 3 reflectance bands. It works as a dimensionality reduction process by feature extraction; Using EVI instead of the original reflectance bands requires much less computational time; (2) EVI is more sensitive than NDVI to high LAI especially when LAI is above 2, and EVI performs better in areas contaminated by smoke plumes [25] [26] [27] .
Shuttle Radar Topography Mission (SRTM) DEM
Considering the complex topography of China and soil moisture conditions on different slopes, topography is an important factor to forest distribution. We collected 90 m digital elevation data from the Shuttle Radar Topography Mission (SRTM) [28] . Slope information for each pixel was calculated based on the SRTM. Slope data were then reprojected and resampled to the Landsat TM extent and resolution for subsequent use.
Methods
The forest mapping effort involved two main parts (Figure 2 ), forest/non-forest classification and more specific forest type classification. For the forest/non-forest classification, there were three main steps. First, numerous features in support of forest identification were calculated from TM, MODIS, and the DEM. Second, training samples for forest and other vegetation cover types (i.e., Cropland, Grassland, Shrubland) were collected and refined. Finally, an advanced machine learning algorithm-Random Forest was used, followed by quality checking and refinement. [29] . The wetland we mentioned here are marsh land. In these regions, the herbs have sufficient water supply and grow well. Their spectral characteristics are similar to that of broadleaf forests. In order to distinguish forests from wetlands, we used the wetness from the Kauth-Thomas (KT) transformation [30, 31] . Also greenness and brightness from the KT transform were used when there was a lack of EVI and BI indices.
We also used information in the EVI time-series from the MODIS data. We took the advantage of such data to distinguish forest from farmland. Although forests have similar phenological characteristics to other natural vegetation types such as grass and shrub, the phenological information of crops derives from human activities. In the northeast of China, spring wheat is harvested in the summer, while paddy fields are flooded in early June. In double cropping regions, harvest is usually conducted in early summer. Thus, EVI seasonal features of crops are usually shorter than forests because of harvest and irrigation. MODIS EVI was processed by a Savitzky-Golay filter (S-G) [32] to minimize the effect of the clouds and to obtain reliable EVI values. The EVI time-series obtained in the winter were averaged. Then a segmentation based multi-resolution integration approach [16] was used to link TM pixels with MODIS EVI pixels and pixels in other auxiliary data. We averaged the EVI values in the same segments, and then assigned these pixels with the same EVI values. For segment extraction, we used BerkeleyImageSeg [33] to perform image segmentations. The segmentation parameters are threshold, shape and compactness. The segmentation parameters are threshold, shape and compactness. The threshold determined the sizes of the segments. Higher thresholds will produce larger segments. The shape parameter controls the weighting between shape and spectral characteristics during the merging process. A greater shape parameter means a higher weighting of shape compared to spectral heterogeneity. The compactness parameter controls the compactness of the objects. A larger value produces more compact segments while a smaller value produces more smooth segments [34] . The threshold, shape parameter and compactness parameter were set to 15, 0.2 and 0.7, respectively. All calculated features used for forest/non-forest classification are listed in Table 1 . Table 1 . List of input features for forest/non-forest classification.
Feature
Formula or Algorithm
Spectral features Surface reflectance Band 1-Band 5, Band 7
Temperature Calibrated from thermal infrared band
Bare soil Index (BI) 
. Training and Test Sample Collection
First, the training sites used in the FROM-GLC project were examined. Each training sample unit in China was checked according to TM images and Google Earth to ensure its validity. There were a total of 9037 sample units in China including 1559 forest sample units, 1175 crop sample units, 903 grass sample units, and 224 shrub (including orchards) sample units. Other sample units came from water bodies, wetland, bareland, and snow/ice. Since the number of orchards was too small to justify an additional class, they were merged into shrubs during the classification. This number of sample units was far from sufficient to get satisfactory classification results. However, adding representative training samples could increase classification accuracy more than changing classification algorithms [10] .
Adding more training sample units became the most important part of the current research. We took advantage of the classification results from FROM-GLC and FROM-GLC-seg. They share the same training set but different features and classification methods. Specifically, FROM-GLC was generated using Landsat TM images as the only input feature; FROM-GLC-seg was produced using a segmentation based approach to integrate many features (i.e., TM, MODIS, DEM, etc.) with different spatial resolution. They are all freely available online [35] . A majority statistic was calculated in each segment. In total, forty segments with discrepant classification of forest vs. non-forest between FROM-GLC and FROM-GLC-seg were randomly selected from each TM scene. The center points of these segments were interpreted and added into the training sample. These additional sample units often fall into difficult-to-map areas, the addition of which is conducive to improving the classification results.
Test samples were collected from the common global land cover validation database [36] . Two experienced interpreters checked further through the forest sample, especially when a sample unit was contaminated by atmospheric interference.
Forest/non-forest Classification
We compared 15 common classification algorithms including support vector machine (SVM), Random Forest (RF), Bagging, and AdaBoost in an urban region [10] . RF was chosen here for its relatively low computational cost but high accuracy performance while handling a large number of features with large training sample sizes. The random forests algorithm performed in this study is in R. There are two critical parameters in RF, i.e., number of trees (numTrees) and the number of attributes to be used at each node (numFeatures). A value of numFeatures a bit smaller than N was shown to be effective for classification, where N is the number of features [10] . There are 32 features in total. Therefore, for each node, 5 features were randomly chosen to be used in classification tree induction. Using random features reduces the correlation between trees while maintaining generalization ability. Since increasing the number of trees will not hurt classifier performance, but may help [37] , we set numTrees to be 200.
Considering the consistency in space and time, we used locally adaptive training samples from 8 neighboring scenes with an acquisition time in the ± 30 day range from an image to be classified. In other words, training samples in local spatial and temporal neighborhoods of an image were used to train an RF model (classifier) with input features listed in Table 1 . The RF model was only applied to classify the one image.
Post-Classification
We checked the quality of every initially classified image to ensure a reliable forest map could be produced from the individual scene result. Additional training samples were collected and used in poorly classified areas and images were re-classified until a satisfactory result was achieved. The criterion was that there was less than 5% misclassified area according to visual interpretation.
Forest Type Classification
Forest type classification was done based on the forest extent mapping result described above. Because differences in the acquisition time of the Landsat images cause inconsistency in forest type classification, we used the MODIS EVI time series instead of the LANDSAT TM spectral data in the forest type classification. The phenology of different forest types varies, so they could be classified using these EVI features. Vegetation growth has regional characteristics as a result of climatic features such as temperature and precipitation within an ecological zone. However, vegetation growth is continuous, there is no clear-cut distinction of forest types in neighboring ecological zones. Instead of using ecological zones, we used geographical coordinate (i.e., Latitude and Longitude) to represent spatial neighborhood in this research. With these features, training sample units in the same region will be assigned to the same branch during tree induction if, at that node, geographic location is the most effective predictor of forest class.
All large sample units in the training sample were used to train an RF model (classifier) using the input features (MODIS EVI time series, slope, and geographical coordinates). Then this RF model was applied to classify all TM scenes with the mask of forest extent to get the forest types.
Results and Analysis
Results
We mosaicked all 520 scenes into a forest map for China. In this process, we clipped each scene using boundary metadata downloaded from the USGS website [38] to eliminate the sawtooth edges. For overlapping areas, a pixel was classified as forest when at least one scene indicated so. This step also helped to eliminate cloud contamination. Finally, we reprojected the mosaicked map to the Albers projection. From the mosaicked forest map, we estimated the total area of forest in China to be 164.90 million ha (Mha) ( 
Classification Accuracy
Forest/Non-Forest Classification Accuracy
The accuracy of forest extent was assessed by using 2195 samples (including 388 forest sample units, 1790 non-forest sample units, and 17 uncertain sample units). The producer's accuracy (PA) and user's accuracy (UA) for forest based on sample units with high certainty are 92.0% and 95.7%, respectively. If the 17 uncertain sample units were included as forest, then the producer's accuracy (PA) and user's accuracy (UA) for forest would become 88.4% and 95.7%, respectively. If they were taken as non-forest, then UA and PA accuracies would still be 92.0% and 95.7%, respectively. That is to say, the omission error of the forest extent is between 11.6% and 8%, while the commission error of the forest extent is 4.5%.
We further explored the main causes of those misclassified sample units (Table 3) . Most errors occur at the edges of different land cover types. The labels of those sample units and mixed pixels are ambiguous as indicated by visual interpretation. Figure 4 shows that most of the errors (omission and commission) are happening in the central region of Southern China, Hebei and Liaoning Provinces. For the central region of Southern China, many images are contaminated by clouds or haze. As a result, the uncertainty of classification increases in these areas. For Hebei and Liaoning Provinces, forests are mixed with shrubs. Their spectral information is similar and difficult to separate. Also, large areas of orchard in these regions increase the classification difficulty. 
Errors
Main Causes Number of Samples Omission Errors
Mixed pixels 4
The edge of land cover type 17
Shadow of mountains 2
Shadow of clouds or contaminated by clouds 3
Pepper and Salt 1
Others 4
Commission Errors
Mixed pixels 1
The edge of land cover type 8
Shadow of clouds or contaminated by clouds 1
Others 6 Figure 4 . The distribution of the test samples and errors.
Forest Type Classification Accuracy
For the validation of Level-2 classification results, we used the out-of-bag (OOB) estimate in the Level-2 classification instead of the test sample validation. The reasons are: (1) there are only 388 ± 17 test sample units for forest (averaged about 65 ± 3 samples for each type) for the entire China, insufficient for evaluating the accuracies of each type; (2) As Table 2 shows, many test sample units are located at the edges of land cover types, because they are randomly selected. The resolution of Level-2 classes is coarser than 30 m. So it is not suitable to validate the Level-2 classification results using these test samples; (3) The OOB error estimate is unbiased [37, 41] . Table 4 shows that evergreen broadleaf and evergreen needleleaf forests are classified with relatively high accuracies. Mixed forests are confused with all forest types because the EVI time-series of different mixed species and mixing ratios show different change curves in a year. There are few test samples for deciduous needleleaf forests and bamboos because they are not widely distributed. 
Influences of Resolution
We used thirteen 30 m resolution features, one 90 m resolution feature and eighteen 250 m resolution features as inputs to this forest mapping. A segmentation-based method was applied to combine those multi-resolution features. We averaged EVI values in the same segment. The advantage of this method is that it combines the spectral, spatial information of the TM images and ensures homogeneity of land cover types in the same segment. By so doing, the influences of the coarse resolution images at the edges of the land cover patches have been reduced. Figure 5 Figure 6 compares the forest extent results with other forest products mentioned in the introduction. As MOD44B provides percentage of tree cover, we assign the pixels with more than 10 percent as forest in this comparison. Because of the coarse resolution, forest extent from Globcover, MCD12Q1 and MOD44B show less detail. We obtained improved forest mapping results by reducing the confusion of forest cover with grass (path 121 row 026), with farmland (path 125 row 035) and with shrubs (path 127 row 042). In these regions, the commission errors are large in most of the other products. The results presented here are less affected by contamination of fog (path 123 row 38). Our results preserved more details of the forest distribution with less obvious misclassifications. In China, mountainous areas account for 2/3 of the national land area. The surface reflectance is different with different solar elevation and azimuth, slope and aspect. Thus, the quality of classification results will be influenced. Some algorithms were produced to reduce the topographic effect [42] . However, we did not do topographic correction. Topographic effects are not strong for Landsat images due to their ±7.5° viewing angle off nadir. There is still spectral information in shaded areas, particularly for the TM data. During the training sample collection process, we treated the forests distributed on sunny slopes and shaded slopes differently. Figure 7 shows the forest extent results in selected mountainous areas. We only compared one MODIS product-MOD44B, because the resolution of MCD12Q1 is too coarse for this extent (3 km × 3 km). The shaded surface is darker than the sunlit surface. It can be seen that both forest in the shaded areas (path 117 row 044; path 127 row 040) and non-forest in the shaded area (path 132 row 038; path 134 row 039) are better identified by the 30 m forest map described here. The effect of shaded slopes seems to have little effect on the final image classification results. Figure 7 . Selected case comparison of forest extent products with this product in mountainous areas (Green color represents forest and black represents non-forest.) From left to right, the image segments were selected from Taiwan, Sichuan Province, Sichuan Province, and Tibet.
Comparison with Other Sources
Conclusions
In this study, we presented a workflow to integrate Landsat TM images, MODIS images and auxiliary datasets and derived features to map forest in China at 30 m resolution. This map can be used as a base line for the researchers to understand the current state and for governmental agencies to understand changes of forest in a spatially explicit way; and help to develop forest management programs subsequently. Additionally, it could be helpful to understand the suitable afforestation conditions. It also could be used as ancillary data for biogeochemical cycling and climate change studies. For the forest/non-forest extent classification, the post-processing is very important. We modified the incorrectly classified images through adding samples and doing reclassification. This step would ensure the quality of classification results. Both the producers' accuracy and the user's accuracy of forest exceeded 90% based on test sample data. For forest type classification, the OOB estimate of overall accuracy is 72.7%. The forest extent area estimated from this map is close to the forest area of 7th NFRI using the forest definition defined here. Despite an exhaustive optimal search, 11% of the Landsat scenes were acquired before 2008 and some scenes were covered by heavy clouds. Future improvements can be made by making use of multi-temporal data composites, inclusion of Chinese satellite imagery (i.e., HJ data, Gaofen satellite data) or fully utilizing the information in overlapping areas between scenes. SAR data or lidar data may be helpful to reduce confusion between classes [43] . It would be beneficial to compare our results with the national survey data in a more spatially-explicit manner but the survey data are not available in wall-to-wall mapping for China. For now, the forest extent map presented here is the most recent, high-resolution forest cover map of China with a relatively complete accuracy report. It would also be desirable to use the national survey data to validate this map but they are not currently accessible. Finally, more effort will be done on the forest change detection. Such information will be helpful for future afforestation planning and change monitoring.
